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+ Supervised fine-tuning
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SiZRI2-GPT-3

The three settings we explore for in-context learning

Zero-shot

- GPT-3
a1 :) HIJ The model predicts the answer given only a natural language
\Y f— D description of the task. No gradient updates are performed.
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In addition to the task description, the model sees a single

m g < 201 formed
_ = ﬂ(ﬂ example of the task. No gradient updates are performed.
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1 75 O 1Z = E In addition to the task description, the model sees a few

examples of the task. No gradient updates are performed.
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Q: Which is heavier, a toaster or a pencil?

(= ==

A: A pencil is heavier than a toaster.
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debuild.co
Describe your app.  cCear

B BmEMMisdebuild

Input: The Night King slowly walked up to the three-eyed Raven. Jon was
held up by the lee Dragon and Daenerys was surrounded by Wights. The
Night King reaches for his ice sword to kill Bran, but suddenly

Qutput: Hodor stops him, and he’s holding the direwolf still with his big
hands. “HODOR!” the raven cried. “HODOR! HODOR!” The black lord
wore a lost look on his face. He thrust his stump through Bran’s back and
began fighting, rolling, spinning. Wights, giants, halflings, straw men.
Bran fought with Summer and the Eagle and Blockhead Dog and the
Stranger, but the Lord of Light would never shield a wight against a
sword. The raven was saying that just climbing up Hodor’s thick snow-
white legs.
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25



- Bengio, Yoshua, Ducharme, et al. A Neural Probabilistic

| anguage Model.[J]. Journal of Machine Learning Research,
2003.

- Brown, Tom B, et al. "Language models are few-shot
learners." arXiv preprint arXiv:2005.14165 (2020).

- https://[www.bilibili.com/video/BV1a5411j7Sw?from=search&se

id=11518669909063388668
- https://blog.csdn.net/iFlyAl/article/details/108867881
- https://blog.csdn.net/qq_27717921/article/details/99670843

26


https://blog.csdn.net/iFlyAI/article/details/108867881
https://blog.csdn.net/iFlyAI/article/details/108867881
https://blog.csdn.net/qq_27717921/article/details/99670843

*ﬁtgﬁky JE;A%Z:I‘;E;!'O *E
g;[p! ,EUEHZ:%QO kEE; 3 O

KISE . RSN, HH
(&§ ,j("“ E?"E; gﬂih’ifc )ﬁﬁ?j‘]f-FIEo

.
=

27




